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Abstract

Background: Brazil has the second highest prevalence of leprosy worldwide. Autoregressive integrated moving average models are
useful tools in surveillance systems because they provide reliable forecasts from epidemiological time series.

Aim: To evaluate the temporal patterns of leprosy detection from 2001 to 2015 and forecast for 2020 in a hyperendemic area in northeastern Brazil.
Methods: A cross-sectional study was conducted using monthly leprosy detection from the Brazil information system for notifiable
diseases. The Box-Jenkins method was applied to fit a seasonal autoregressive integrated moving average model. Forecasting models (95%
prediction interval) were developed to predict leprosy detection for 2020.

Results: A total of 44,578 cases were registered with a mean of 247.7 cases per month. The best-fitted model to make forecasts was
the seasonal autoregressive integrated moving average ((1,1,1); (1,1,1)). It was predicted 0.32 cases/100,000 inhabitants to January of
2016 and 0.38 cases/100,000 inhabitants to December of 2020.

Limitations: This study used secondary data from Brazil information system for notifiable diseases; hence, leprosy data may be
underreported.

Conclusion: The forecast for leprosy detection rate for December 2020 was < 1 case/100,000 inhabitants. Seasonal autoregressive
integrated moving average model has been shown to be appropriate and could be used to forecast leprosy detection rates. Thus, this
strategy can be used to facilitate prevention and elimination programmes.
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Introduction

Leprosy is a chronic infection caused by Mycobacterium
leprae. 1t is a neglected disease that affects mainly
developing countries constituting a severe global public
health problem.' In 2016, 214,783 new cases were recorded
with a detection rate worldwide of 0.23 cases per 10,000
inhabitants.?

In 1991, the World Health Organization established leprosy
elimination as a public health goal aiming to reduce the
prevalence to <1 case per 10,000 inhabitants at global level by

2000. The new leprosy elimination goals include interruption
of global transmission or full elimination by 2020, followed
by a reduction of grade 2 disability in detected cases to less
than one case per million people by 2020.?

Although combined worldwide efforts to achieve leprosy
elimination goals have contributed to decreasing the
number of cases during the past decade, more than 200,000
new cases are still reported every year. Brazil, India and
Indonesia were responsible for 81% of them, reporting
over 162,000 cases.?
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Brazil has the second highest prevalence of leprosy
worldwide.? In 2016, 25,218 new cases were recorded,
leading to a prevalence of 1.1 cases/10,000 inhabitants.® The
highest detection and prevalence rates were concentrated
in the northern, northeastern and central-western regions
of the country. The state of Pernambuco was classified as
“high” prevalence because of its general detection rate of
19.7 cases per 100,000 inhabitants. Moreover, among 1856
new cases, 1571 were evaluated for disability grade with 82
of them (5.2%) presenting with grade 2 disability.*

Time series forecasts regarding diseases and adverse health
conditions are some of the most important applications
in epidemiology such as detection and prevalence rates,
especially concerning surveillance and effective planning
of healthcare actions.>® Time series studies have been
widely applied in the field of healthcare. One of the main
objectives of public health surveillance systems is to
provide reliable forecasts from epidemiological time series.’
Autoregressive integrated moving average models are useful
tools for modeling time series regarding trends, cyclicity and
seasonality.?1°

The autoregressive integrated moving average model seeks
time dependence among successive observations'' and has
been widely used in studies on transmitted diseases.®'*!4
Autoregressive integrated moving average models have been
successfully applied for forecasting the incidence of infectious
diseases, for example, morbidity due to influenza,’” the
incidence of malaria'® and dengue'? as well as the prevalence
of cutaneous leishmaniasis.!” In this study, it was sought to use
a time series analysis model to predict leprosy detection in a
hyperendemic area. The study aimed to evaluate the temporal
patterns of leprosy detection from 2001 to 2015 and do a
forecast for 2020 in a state of northeastern Brazil.

Methods

Study area

The state of Pernambuco (8° 19° 59” S; 37° 45° 0” W) is
located in the northeastern region of Brazil. The estimated
population in 2017 was 9,473,266 and over 80% lived
in urban areas. The state’s population density is 89.62
inhabitants/km? living in an area of 98,076,021 km?. The
state of Pernambuco is organized into five mesoregions, 12
health regions and 185 municipalities which are the smallest
administrative unit. Regarding social indicators, the state
presents a human development index of 0.673 (18" in the
country’s ranking), and Gini index of 0.62, such that 12.3%
of the population live in extreme poverty and 46.7% of the
population that live in private dwellings have inadequate
basic sanitation services.'®

Study design

This was an ecological study with time-trend analysis. The
time unit used in this study was “month.” The monthly case
series created 180 data points between January 2001 and
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December 2015. The municipality was the unit used in spatial
analysis.

Data source and study variables

The study population consisted of new leprosy cases registered
in the Brazil information system for notifiable diseases.
They were individuals who had never received treatment for
the infection, living in the state of Pernambuco, diagnosed
between January 1%, 2001 and December 31%, 2015.

Leprosy case notification occurred after diagnosis and treatment
in primary health care units in Pernambuco state. Patients
presenting with grade 2 disability or reactions to the treatment
were referred to one of the 12 reference units in the state.

Leprosy data was extracted from Brazil information system
for notifiable diseases, through the health department of the
state of Pernambuco. Brazil information system for notifiable
diseases is an epidemiological surveillance system within
the Brazilian healthcare system that provides information on
diseases and adverse health conditions in Brazil for which
notification is compulsory.

Brazil information system for notifiable diseases data is
composed of compulsory notification records that consist of
standardized forms in which sociodemographic and clinical
information is filled in by healthcare professionals. In this
study, records that presented errors of diagnosis or were
duplicated were excluded.

Population-based data was obtained from the Brazilian
institute of geography and statistics and were used to calculate
leprosy detection rates over the period of study.

The variables selected in this study were: sex, race/color,
educational level, age, municipality of residence, zone of
residence, clinical form (indeterminate, tuberculoid, borderline
or lepromatous), operational classification (paucibacillary or
multibacillary), number of skin lesions and disability grade at
the time of the diagnosis (0, I or II). The variable “educational
level” could not be analyzed because a high proportion of the
records did not provide this information.

Statistical analysis

Exploratory analysis of the data was conducted using the
R software version 3.5.1. Absolute and relative frequencies
were calculated for categorical variables.

Autoregressive integrated moving average model

The temporal patterns of leprosy detection rates per month for
the study period were analyzed and the general characteristics
of the data were evaluated using this graphical approach:
trends (increase, decrease), seasonality, outliers and smooth
changes in structure.'*%?

The Box—Jenkins approach was used to fit autoregressive
integrated moving average models which are defined by three
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terms (p, d, q) and used for nonseasonal time series. The first
step of the model identification was to evaluate the trend
component (d). We explored the monthly detection of leprosy
cases with 12 months of periodicity (S = 12 observations
per year). The series was transformed by differencing the
scores (months) to make it stationary, if appropriate. The
number of differencing operations is the d parameter. As a
second step, the autoregressive component (value of p) was
identified. As a third step, the moving average component,
value of q was identified.

The seasonal component was included using seasonal
autoregressive integrated moving average model if the
previous analysis indicated evidence of seasonality. This
component has three more parameters denoted P, D and Q.
These parameters are similar to p, d and q, but operate on the
scale of the periodicity (12 months). Analysis of the shape
of the autocorrelation functions and partial autocorrelation
functions allowed estimation of the autoregressive and
moving average parameters and identification of plausible
models.

Forecasts for future value in the series were made using an
equation for which parameters were obtained employing
maximum likelihood. The database used for estimating the
parameters of the model consisted of the data available on
the series analyzed. For forecasting purposes, the estimated
equation is assumed to be the series generating process.

For the initial stage in constructing, an autoregressive
integrated moving average (or seasonal autoregressive
integrated moving average) model is needed to specify which
treatment (p, q, d or P, Q, D) should be attributed to a series in
order to estimate parameters. To choose these arguments, the
criteria established in the literature have to be followed.*!*!?

First, a graph depicting series evolution over time is viewed in
order to see whether any type of pattern is visible (stationarity,
trend, seasonality and other). In addition to visual analysis,
statistical tests such as correlograms and Dickey—Fuller tests
are conducted to identify whether any stationarity is present.
For forecasts, the series should be stationary. Therefore, if
nonstationarity is identified in a forecast, it is appropriate to
differentiate the series to search for a more stationary pattern.
Finally, statistical tests are useful for defining seasonality
patterns in the series.

Cyclical behavior is processed using the moving
average procedure. Autocorrelation functions and partial
autocorrelation functions are statistical tests that indicate
the autoregressive and moving average components of the
model."

To determine the patterns that best described the leprosy
time series, the Box—Jenkins approach was followed to
select the autoregressive integrated moving average model
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based on three stages. The detection of leprosy was plotted
against time to detect and correct any nonstationarity of
the time series. This showed the mean autoregressive
and moving terms that were necessary for calculating
autocorrelation functions and partial autocorrelation
functions. In the present study, the time series for the
detection rate regarding new leprosy cases per 100,000
inhabitants was analyzed. All of the statistical treatment
was conducted using the time-series forecasting packages
of the R software.

Ethical statement

This study was approved by the Research Ethics
Committee of the University of Pernambuco (CAAE:
60748116.0.0000.5207). All data analyzed was anonymized.

Results

Epidemiological profile of the cases

A total of 44,578 cases were recorded, of whom the majority
were women (51.4%), older than 15 years of age (89.4%)
and living in urban areas (89.4%). The clinical forms more
common were borderline (31.5%) and tuberculoid (31.3%).
In addition, 59.7% of the cases displayed up to five lesions
and 5.2% presented grade 2 disability [Table 1].

Figure 1 shows the distribution of municipalities according to
the prevalence rates per 5-year period. Figure 1a shows that
in the first 5 years, nine municipalities had a zero-detection
rate, while 42 were hyperendemic areas. For the second
5-year period [Figure 1b], two municipalities had a zero
rate with little variation in the number of hyperendemic
municipalities, 45 areas. In the last 5 years analyzed, four
municipalities had a detection rate of zero and 43 were
considered hyperendemic municipalities [Figure 1c].
Among the three periods of 5 years analyzed, the highest
detection rates were found in the municipalities located in
the metropolitan region of Recife.

Autoregressive integrated moving average model

The total number of leprosy cases during the period studied
was 44,578 with a mean of 247.7 cases per month. The
number of confirmed cases per month ranged from 134 to
411. The mean detection rate for the period was 2.9, ranging
from 1.5 to 5.0. The number of multibacillary cases during
the period was 21,763 with a mean rate of 1.4 (0.7 to 2.1).
A total of 2100 grade 2 disability cases were notified at
the time of diagnosis with a mean of 11.7 cases per month
(3—24 cases). A declining trend and the existence of seasonal
variations in detection rates for new cases were observed
[Figure 2a].

This series was nonstationary; in other words, it did not
provide constant mean and variance values. Figure 2b presents
the decomposition of the series into its constituent elements
(trend and seasonality). Regarding the detection rate for
new cases, a declining trend for the series with the seasonal
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Table 1: Distribution of notified cases of leprosy according
to sex, educational level, origin, clinical form, operational
classification, number of lesions and disability grade in
Pernambuco, Brazil, between 2001 and 2015

Variables Number of cases (%)
(total=44,578)
Sex: Female 22,928 (51.4)

Age (years)

<15 4708 (10.6)

>15 39,870 (89.4)
Duration of formal education (years)

1-5 10,675 (35.5)

6-9 11,140 (37.5)

10-12 4419 (14.7)

>12 3828 (12.7)

No information 14,516

Zone of residence

Urban 36,389 (89.4)
Rural 4073 (10.0)
Periurban 219 (0.6)
No information 3897
Clinical form

Undetermined 9090 (22.5)
Tuberculoid 12,642 (31.3)
Borderline 12,762 (31.5)
Lepromatous 5960 (14.7)
Not classified 2227

No information 1897

Clinical form

Undetermined 22,650 (51.0)
Tuberculoid 21,763 (49.0)
No information 165

Number of lesions
No lesion 7259 (16.7)
25,947 (59.7)

10,284 (23.6)

Up to 5 lesions
6 or more lesions

No information 1088
Disability grade

Zero 30,858 (77.0)

Grade 1 7136 (17.8)

Grade 11 2100 (5.2)

Not evaluated 3471

No information 1013

component could be observed. The series decomposition into
its elements, namely, trend and seasonal component enabled
a more precise analysis. A clear declining trend in the second
part of the series could be observed. In the first part of the
figure, the original series is reproduced. In turn, the seasonal
component is very evident in the third part of the figure.

The correlogram shows the relationship between the
covariance/variance of the series and its lags in k periods.
A series is considered to be stationary when its correlogram
shows mild fluctuations around zero. Figure 2c shows that none
of the bars for lags of up to 12 periods (i.e., those considered
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Figure la: Distribution of municipalities according to detection rates
(per 100,000 inhabitants) per S-year period in Pernambuco, Brazil: 2001-2005
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Figure 1c: Distribution of municipalities according to detection rates
(per 100,000 inhabitants) per 5-year period in Pernambuco, Brazil: 2011-2015

in this test) were within the interval that would have suggested
that the series was stationary. This indicates that the series
needed to be transformed for forecasting purposes.

Figure 3 shows more clearly that seasonality in the detection
rate for new cases of leprosy was occurring. The variation
from the straight lines that denoted the mean monthly values
for the years considered in this study showed that the series
had seasonal behavior. For the time interval considered, i.e.,
between 2001 and 2015, the lowest numbers of occurrences
were seen to be in January and December.

Statistical evidence regarding stationarity is also produced
through the Dickey—Fuller test. In this test, the null
hypothesis (H0) is that the series presents a unitary root and
is not stationary. The alternative hypothesis (H1) states that
the root is negative and the series is stationary.
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Figure 2c¢: Autocorrelation function correlogram for the detection rate
regarding new cases of leprosy. Pernambuco, Brazil, between 2001 and 2015

The results from this test for the series of leprosy cases
showed that the calculated value from the test statistics
(tau statistics) had a lower modulus than the critical values
(for the 90, 95 and 99% confidence levels). Therefore, the
hypothesis H0 had to be accepted and, thus, the series could
be defined as not stationary. The most usual procedure for
seeking stationarity in a nonstationary time series consists of
differentiation: the value for one date minus the value of the
previous date.

To make forecasts, the autoregressive integrated moving
average model was used with seasonal component
modeling, i.e., seasonal autoregressive integrated
moving average. Various combinations were tested and
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the seasonal autoregressive integrated moving average
model ((1,1,1); (1,1,1)) was reached for the calculation of
the autoregressive, integrated and moving mean components,
both for the nonseasonal and the seasonal parts of the model.
Figure 4 shows the original data series (in red) and the series
estimated through the model (in blue).

Figure 5 presents the forecasting results for the series
regarding the detection rate for new cases of leprosy. The
gray shadow indicates the 95% confidence interval for the
forecasts that were made.

Table 2 shows the monthly forecast of the leprosy detection
rate per 100,000 inhabitants. According to the model, with
95% forecast range (95% PI), the detection rate ranged
from 0.32 cases/100,000 inhabitants in January of 2016 to
0.38 cases/100,000 inhabitants in December of 2020.

Discussion

The results from this study regarding the epidemiological
characteristics of new leprosy cases showed that most
of the patients were women, older than 15 years of age
and living in urban areas. Leprosy affects both sexes, but
the proportion of cases among men is higher than among
women,??* at a ratio of between 1.5 and 2. In Dhaka,
Bangladesh, a male-to-female ratio of 5:4 was found.? In
Brazil, a study that evaluated the epidemiological profile of
leprosy over 20 years showed higher detection among men,
and an increase in the male-to-female ratio to 1.09 by the
end of the period studied.” Results similar to those obtained
in this study, with a higher occurrence among women, were
identified in other Brazilian studies.”’?* A population cohort
study on the incidence of leprosy with total of 68 cases
showed a proportion of 60% (41 cases) among women, but
the incidence rate was similar for both sexes.*

Regarding the age group, individuals older than 15 years
of age were predominant. Leprosy occurs more frequently
among adults because of the long incubation period; however,
the proportion of the cases among individuals younger than
15 years old in this study was 24% (16 cases)* which is higher
than a study done in Brazil with a proportion of 7.5%.%!

The occurrence of leprosy in individuals younger than
15 years of age is indicative of early exposure, reflects
the intensity of propagation of the infecting agent and it
is important for monitoring the epidemiological impact
of control programmes that are implemented.’? A survey
analyzed the clinical, bacteriological and histopathological
characteristics of newly detected cases of childhood
leprosy in the community and found that most cases were
paucibacillary, had at least one lesion and the average duration
of symptoms exceed | year. This indicates the severity of the
problem in the failure to detect childhood leprosy, recent
active transmission, poor knowledge about the disease and
barriers to accessing or using health care.™
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detection rate

Figure 3: Seasonal variation in the overall detection rate for leprosy
(per 100,000 inhabitants), in Pernambuco, Brazil, between 2001 and 2015
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the detection rate for new cases of leprosy
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Table 2: Forecasted monthly leprosy detection rates per
100,000 inhabitants (95% prediction interval) for Pernambuco,
Brazil, between January of 2016 and December of 2020

Period

PIR (95% Cl)

January 01, 2016
February 01, 2016
March 01, 2016
April 01, 2016
May 01, 2016

June 01, 2016

July 01, 2016
August 01, 2016
September 01, 2016
October 01, 2016
November 01, 2016
December 01, 2016
January 01, 2017
February 01, 2017
March 01, 2017
April 01, 2017
May 01, 2017

June 01, 2017

July 01, 2017
August 01, 2017
September 01, 2017
October 01, 2017
November 01, 2017
December 01, 2017
January 01, 2018
February 01, 2018
March 01, 2018
April 01, 2018
May 01, 2018

June 01, 2018

July 01, 2018
August 01, 2018
September 01, 2018
October 01, 2018
November 01, 2018
December 01, 2018
January 01, 2019
February 01, 2019
March 01, 2019
April 01, 2019
May 01, 2019

June 01, 2019

July 01, 2019
August 01, 2019
September 01, 2019
October 01, 2019
November 01, 2019
December 01, 2019
January 01, 2020
February 01, 2020
March 01, 2020
April 01, 2020
May 01, 2020

June 01, 2020

July 01, 2020
August 01, 2020
September 01, 2020
October 01, 2020
November 01, 2020
December 01, 2020

0.32 (0.17-0.46)
0.34 (0.18-0.51)
0.33 (0.13-0.53)
0.33 (0.10-0.55)
0.35 (0.10-0.59)
0.31 (0.03-0.58)
0.31 (0.02-0.60)
0.36 (0.05-0.67)
0.33 (0.00-0.66)
0.33 (~0.00-0.68)
0.34 (~0.02-0.70)
0.34 (-0.03-0.72)
0.32 (~0.07-0.71)
0.34 (~0.07-0.75)
0.32 (~0.09-0.75)
0.32 (~0.11-0.76)
0.36 (~0.09-0.81)
0.30 (-0.16-0.77)
0.31 (~0.17-0.79)
0.36 (~0.13-0.85)
0.34 (-0.17-0.84)
0.35 (~0.17-0.87)
0.35 (~0.19-0.88)
0.35 (~0.19-0.90)
0.33 (~0.23-0.89)
0.35 (~0.23-0.93)
0.33 (0.26-0.93)
0.33 (~0.27-0.94)
0.36 (~0.25-0.99)
0.31 (~0.32-0.95)
0.32 (~0.33-0.97)
0.36 (~0.29-1.04)
0.34 (~0.34-1.03)
0.35 (~0.34-1.05)
0.35 (-0.35-1.07)
0.36 (~0.36-1.09)
0.34 (~0.40-1.08)
0.35 (~0.40-1.12)
0.34 (—0.43-1.12)
0.34 (~0.44-1.13)
0.37 (~0.43-1.18)
0.32 (~0.50-1.14)
0.33 (-0.51-1.17)
0.38 (-0.47-1.23)
0.36 (-0.51-1.22)
0.36 (—0.52-1.25)
0.37 (~0.53-1.26)
0.37 (~0.54-1.28)
0.35 (~0.58-1.28)
0.37 (-0.58-1.32)
0.35 (-0.61-1.32)
0.35 (-0.63-1.34)
0.38 (-0.61-1.38)
0.33 (-0.68-1.34)
0.34 (~0.69-1.37)
0.39 (~0.66-1.44)
0.37 (~0.69-1.43)
0.37 (~0.70-1.46)
0.38 (~0.72-1.47)
0.38 (~0.73-1.49)

PIR: Prediction interval, 95% Cl: 95% confidence interval
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The borderline and tuberculoid clinical forms and the
multibacillary operational classification prevailed in this
study. After long exposure to Mycobacterium leprae, only
a subgroup of exposed individuals develops clinical leprosy
and this presents a wide spectrum of clinical manifestations
that range from paucibacillary to multibacillary forms." The
Brazilian ministry of health considers the tuberculoid and
indeterminate clinical forms of leprosy to be paucibacillary
(up to five skin lesions) and the borderline and/or lepromatous
form to be multibacillary (presence of six or more skin
lesions).** Leprosy classification is important for determining
prognosis and implementing adequate treatment for the
disease, and findings of multibacillary cases indicate late
diagnosis and flaws in leprosy elimination programmes.

Currently, multibacillary patients constitute 60.2% of new
cases detected globally. As global leprosy numbers decline,
the percentage of multibacillary leprosy cases, a proportion
with high initial bacterial burden, is likely to increase further
in the coming years as expected in the epidemiological
pattern of a declining disease. Therefore, it is imperative to
approach and plan multibacillary leprosy therapy carefully.*

This study focused on a time series of detection rates
and forecasted the trend for the disease in the future by
using monthly detection data. The results revealed that
the seasonal autoregressive integrated moving average
model ((1,1,1); (1,1,1)) adequately forecasted the discase
trend in the study area. According to the result of the model,
the detection rate followed a declining trend with a seasonal
component. Besides, the adjusted numbers in the model and
the normal distribution of residuals showed that this model
provided a good fit.

The detection rate for new cases of leprosy in the state of
Pernambuco was seen to increase in March (austral autumn)
and August (austral winter), and decrease in December
and January (austral summer). Leprosy is traditionally not
acknowledged as a seasonal disease. The first survey that
analyzed the impact of seasonality on the detection rate
of new leprosy cases in Brazil showed that in the north,
northeast, center-west and southeast, there were statistically
significant variations almost every month of the year. The
largest increases were observed in March and May (autumn)
and August (winter) and the largest decreases were observed
in December (summer).’® In this study, a reduced detection
rate was also observed in June. Similarly, the study also
identified a reduced detection rate in the same month.* It is
possibly associated with the region’s holiday season, including
festivals in honor of patron saints that supposedly influence
the dynamics of health service providers because they are
large-scale tourist events. It is noteworthy that results related
to seasonality may also be related to health care. Hence,
information about seasonality can be used to define strategies
for finding new cases by health surveillance services.

Predicting the detection of leprosy using time series analysis

A study on dermatological hospitalizations analyzed the
profiles of admissions associated with the seasons of the
year and showed that there was a higher incidence of
leprosy.”” A study that evaluated the presence of M. leprae
in the nasal mucosa of the population identified seasonal
variation and a possible association among environmental
conditions (climate), the transmission patterns and levels of
exposure to M. leprae.®® In order to assure success in leprosy
elimination program actions, it is necessary to understand the
geographical distribution of the disease, its natural history
and pathogen-host interactions.”’

The results from this study showed that there was seasonal
variation in the detection of leprosy and that climate changes
may influence transmission. It would be suggested that the
seasonal patterns of leprosy need to be taken into account in
planning control actions and determining the magnitude of
healthcare service provision. Acknowledgment of seasonality
is important for developing effective surveillance strategies
in endemic geographical regions.*

The trend analysis of leprosy detection rates performed in
this study showed declining behavior. Time series analyses
using different international and national models have shown
a reduction in leprosy detection rates.’**> Morocco has
achieved the goal of leprosy elimination as a public health
problem several years ago, with a downward trend from
2000 to 2017.4 In the Republic of Korea, there has been a
reduction in prevalence and incidence rates in recent decades
and M. leprae transmission may have effectively ceased.®

In Brazil, studies conducted in the states of Maranhao,
Sergipe and Tocantins as well as the city of Fortaleza
showed a reduction in case detection rates.*+*** Although
the results of these studies displayed a reduction in
leprosy’s detection, its transmission persists in these
areas. Socioeconomic and living factors probably play
a relevant role in maintaining endemicity. Programs
aimed at eliminating leprosy as a public health problem
should include interventions that also reduce social
inequality.* For the success of the leprosy elimination
strategy, it is necessary to consider, in addition to
diagnostic technologies and multidrug therapy in health
services, essential factors for human development and
well-being. >

In this study, different seasonal autoregressive integrated
moving average models were evaluated and the best one was
chosen. Forecasting of disease trends is an essential issue in early
epidemic alert systems and is paramount for disease prevention
and for planning control actions relating to transmitted diseases.
In diseases with seasonal trends, the seasonal autoregressive
integrated moving average model can be used to adequately
predict trends by eliminating the seasonal component.
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Limitations

There are a few limitations to this study. First, data from
Brazil information system for notifiable diseases were used
and there is the possibility of underreporting which could
decrease leprosy detection rate. These undetected cases
may have influenced the detection rates, consequently, the
indicators and the trend detected in the study; nevertheless,
this system is the main Brazilian source of information on
transmitted diseases. Other factors, such as temperature,
humidity, socioeconomic status and access to healthcare
services may also influence the transmission of leprosy and
should be examined in future studies.

Conclusion

Objective of this study was to forecast the detection of
leprosy. Monthly detection data covering 15 years were used
to investigate the best model which was found to be seasonal
autoregressive integrated moving average ((1,1,1); (1,1,1)).
The detection of leprosy has demonstrated a seasonal behavior
and the autoregressive integrated moving average model was
found to be appropriate to forecast leprosy detection rates.
Thus, this strategy can be used to facilitate efforts in the
prevention and elimination of the disease.
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